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Urbanizing landscapes can have a transforming impact on regional broad-scale basin 
hydrology, stream and riparian ecosystems, and water quality. By urbanizing we mean 
landscapes that have experienced increasing urban growth during their period of observation. 
To deeply understand the nature of these transformations, urbanizing landscapes may be 
viewed as complex systems, i.e. systems that cannot be split into simpler subsystems without 
tampering with their dynamical properties. As a starting point in implementing this complex 
system perspective, we analyze streamflow data for urbanizing basins to search for signs of 
complexity such as power-law scaling, crossover points or ‘phase’ changes, and long-term 
correlations. For this, and in order to account for potential non-stationarities in the time series 
data, we use a tool from statistical physics known as Multifractal Detrended Fluctuation 
Analysis (MDFA). We apply MDFA to streamflow data from 24 stream gauges located in the 
metropolitan areas of the cities of Baltimore, Philadelphia, and Washington DC. From this 
analysis, we found that streamflow in urbanizing basins displays scaling over a wide range of 
temporal scales, crossover points, and multifractal properties. This was, in general, expected 
from previous results in natural basins. However, we also found that the scaling, e.g. the degree 
of correlation, and the strength of the multifractality tend to weaken as the basins become 
increasingly urbanized. In this sense, the streamflow records appear to become more similar to 
the driving rainfall forcing. These results may be useful as empirical evidence to further test the 





The research work carried out by Hurst in the 1950s is recognized as the first step towards the 
fractal analysis of streamflow records Hurst [1]. What Hurst discovered then, by studying 
various rivers, is that annual river records exhibit long-range statistical dependencies. This 
behavior is known as the “Hurst phenomenon”. Many other scientific disciplines have now 
found evidence of the Hurst phenomenon Dutta et al. [2], Pavón-Domínguez et al. [3], Wang et 
al. [4], Wang et al. [5], making the phenomenon a unique and lasting contribution from 
hydrology to other sciences. Nonetheless, more recent findings have expanded the original 
analysis performed by Hurst Kantelhardt et al.[6], Tessier et al. [7]. They show, in the case of 
streamflow records, different scaling behavior on different scales, i.e. large and small 
fluctuations behave differently, and statistical moments that scale with different exponents, i.e. 
multifractality as opposed to the monofractality implied by Hurst’s initial analysis Kantelhardt 
et al.[6], Tessier et al. [7]. These observations regarding the scaling and multifractality of 
streamflow records are now seen as common signatures for many other complex systems, e.g. 
the human cardiovascular system and the coarsening dynamics of metal alloys, Dutta et al. [2], 
Pavón-Domínguez et al. [3], Wang et al. [4], Wang et al. [5], Kantelhardt et al.[6]. Here, we 
view urban basins as complex systems and look for signatures of complexity in their 
streamflow records. 
An important challenge when analyzing streamflow records is the need to distinguish 
between trends and memory, and more generally to handle nonstationarities Kantelhardt et 
al.[8], Koscielny-Bunde et al. [9], Hirpa et al. [10] Mudelsee [11]. To help us overcome this 
challenge, we use MDFA Kantelhardt et al.[6], Kantelhardt et al.[8], Koscielny-Bunde et al. 
[9]. MDFA was recently proposed to analyze the scaling and multifractal properties of 
nonstationary time series data Kantelhardt et al.[6], Kantelhardt et al.[8], Koscielny-Bunde et 
al. [9]. With the MDFA approach, we will investigate the scaling and multifractal properties of 
time series data in urbanizing basins. By urbanizing basins we mean basins that have 
experienced increasing urban growth during their period of observation. We expect that urban 
basins will behave differently than natural ones. On the basis of previous MDFA analysis, 
natural basins are known to have on average a Hurst exponent, H, equal to 0.8 that is 
independent of basin size Kantelhardt et al. [8], Koscielny-Bunde et al. [9]. For the multifractal 
factor,  , natural basins are known to have an exponent on average equal to 0.6 that is 
weakly dependent on basin size Kantelhardt et al.[8], Koscielny-Bunde et al. [9]. To define and 
estimate  , we use the approach proposed by Kantelhardt et al.[8], Koscielny-Bunde et al. 
[9]. This is further explained in the next section. We will examine the values of H and   in 
urbanizing basins. With this, we ultimately want to better understand the depth of the 
hydrological perturbations induced by urbanization and identify a long-term signature of 
change. The latter seems a worthy goal in support of sustainability where interest is many times 
in preserving the long-term behavior of the system Wu [12].  
 
METHOD AND DATA 
 
The methodology for this research work consists of applying the MDFA to streamflow records 
for urbanizing basins. We provide next a brief explanation of the MDFA and the data set used. 
The explanation of MDFA is based on the works by Kantelhardt et al. [8] and Koscielny-Bunde 
et al. [9]. 
  
Multifractal detrended fluctuation analysis (MDFA) 
For the MDFA, we use observed daily streamflow values. To use the daily streamflow values, 
we first remove the seasonal trend by subtracting the daily mean for each calendar day. Then, 
we compute the so called “runoff profile”, zN, which is equal to the cumulative sum at daily 
time intervals of the record with the daily means subtracted, to obtain a random walk-like 
series. The runoff profile with N elements is divided into Ns non-overlapping segments of size s 
and, for the detrending step, the best polynomial fit, , is computed for each of the segments 
and subtracted from the record. In the next step, the mean of the moment q of the detrended 
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where q can be any real number except 0 and represents the scaling factor. For example, for 
q=2, one is dealing with the mean of the variance of the record and the scaling exponent of the 
mean fluctuation function is equivalent to H. With equation (1), by using the nth polynomial fit, 
we are removing trends of order n-1 on scales larger than the segment size Koscielny-Bunde et 
al. [9]. For the analysis in this paper, we use a 4th order polynomial fit. From equation (1), 
different mean fluctuations are obtained for different window sizes s by gradually increasing s. 
Finally, on a log-log scale plot of the mean fluctuation function versus s, a line is fitted to the 
mean fluctuation function and the slope of that line represents the generalized Hurst exponent, 
h(q). It has been shown previously that if this exponent decreases as q increases the data set can 
be considered multifractal. In addition, previous studies for streamflow records have reported a 
crossover point at a time scale of a few days to several weeks after which another, longer-term 
linear trend can be fitted to the data. 
To determine the multifractal factor  , we use the approach proposed by Koscielny-
Bunde et al. [9], which is based on a type of multiplicative cascade model. In this approach, one 
fits the following equation to a plot of h(q) versus q: 
   
 (2) 
 
where a and b are fitting parameters. Using these parameters, one can obtain an estimate of 




  (3) 
We will use equations (2) and (3) to determine   and assess the multifractality of 
streamflow records affected by urbanization. 
 
Data 
The analyzed data includes streamflow records for 24 basins located in the region comprised by 
the metropolitan area around the cities of Baltimore, Philadelphia, and Washington DC. Out of 
the 24 basins, 19 are urbanized, with various levels of urbanization and rates of urban growth, 2 
are mostly agricultural, and 3 are forested only basins. The agricultural and forested basins are 
used as reference land use conditions. Figure 1 illustrates the location of the selected basins and 
Table 1 summarizes the USGS gage numbers, mean imperviousness levels, and record lengths. 
 
 
Figure 1. Location of the 24 basins used in this study. The different basin boundaries are 
delineated using different colors. The outlet of each basin is denoted by a dot symbol. The 
background image shows the regional spatial distribution of urbanization ca. 2001. The inset 
shows the location of the basins in their respective political states. 
 
Table 1. Summary of the streamflow gages, mean imperviousness, record length, H, and   











H  ± Se Δα 
1 1589100 36.5 57 0.67 ± 0.03 0.53 
2 1589330 36.9 55 0.59 ± 0.02 0.55 
3 1581700 4.5 47 0.80 ± 0.07 0.85 
4 1585300 23.8 31 0.63 ± 0.03 0.46 
5 1645200 22.8 31 0.64 ± 0.04 0.78 
6 1653500 26.4 31 0.68 ± 0.03 0.46 
7 1589300 20.5 57 0.68 ± 0.05 0.59 
8 1650500 6.9 91 0.71 ± 0.06 0.59 
9 1593500 10.4 82 0.72 ± 0.06 0.60 
10 1585100 25.2 55 0.66 ± 0.04 0.51 
11 1585200 38.9 57 0.67 ± 0.04 0.64 
12 1645000 7.9 84 0.74 ± 0.04 0.67 
13 1651000 21.6 76 0.67 ± 0.03 0.59 
14 1649500 17.4 76 0.70 ± 0.03 0.49 
15 1477000 9.7 83 0.77 ± 0.05 0.71 





















































H  ± Se Δα 
17 1472157 4.0 46 0.78 ± 0.03 0.60 
18 1467150 19.9 51 0.69 ± 0.03 0.57 
19 1640965 0.0 14 0.77 ± 0.05 0.86 
20 1641000 0.0 43 0.75 ± 0.03 0.78 
21 1641510 0.0 9 1.02 ± 0.08 1.34 
22 1591000 4.2 70 0.80 ± 0.05 0.63 
23 1477120 5.5 48 0.83 ± 0.06 0.77 
24 1467081 18.8 47 0.68 ± 0.03 0.63 
 
 
RESULTS AND DISCUSSION 
 
The results for the scaling and multifractal analysis are similar for all the 24 basins, i.e. the 
overall form of the scaling and multifractal plots are similar. Thus, we only show in Figure 2 
plots for a single basin. In Figure 2.a, the mean fluctuation function as a function of s is shown. 
The plot visually illustrates that the scaling, i.e. the slope of the different curves, tends to be 
linear in log-log scale. By fitting lines to each curve and determining their slopes, we are able to 
obtain h(q). These fits were in generally quite good. For example, the minimum correlation 
value, R2, for H, i.e. q=2, was found to be 0.99.  
In Figure 2.b, we illustrate visually the fitting of the multiplicative cascade model, i.e. 
equation (2). From Figure 2.b, it can be seen that the values of h(q) increase monotonously with 
increasing scale, which is indicative of multifractality Koscielny-Bunde et al. [9]. We found 
that all the fits of h(q) versus q are quite reasonable, with the minimum R2 being equal to 0.95. 
After computing H and   for each of the basins used in this study, we plotted them as a 
function of the mean urbanization level in the basin. This is shown in Figures 3a and 3b, 
respectively. It is seen in both of these figures that the tendency is for H and   to slowly 
decrease with increasing levels of urbanization. The level of urbanization is measured here 
using the mean imperviousness in the basin computed from the imperviousness value for each 
year in the observed record.   
Interestingly, we note that the value of H is near 0.5 for rainfall records, which means that 
the data is uncorrelated and has little memory. We verified that for rainfall records in our study 
area this is indeed the case. For streamflow records, H tends to be around 0.8 for natural basins 
Kantelhardt et al.[8], Koscielny-Bunde et al. [9]. Here, we found the mean value for urban 
basins to be equal to approximately 0.68, while the forested basins had a mean value of 0.8. 
Table 1 summarizes the value of H for the basins used in this study. A possible explanation for 
this lower average, as well as the trend in Figure 3a, is the loss of basin storage or, in other 
words, the reduced filtering of rainfall by subsurface processes in urban basins. This reduction 
is of course due to rainfall by-passing subsurface storage through the artificial piped network. It 
seems possible that the historical stormwater management policy, which tended to connect 
urban runoff directly to the stream network, has the effect of reducing the memory of the basin. 
This is in turn is manifested in terms of   as a weakening of the multifractality with 
increasing urbanization (Figure 3b). This also means that streamflow tends to look more and 
more like the rainfall forcing as the level of urbanization increases.  
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